Background: For successful protein structure prediction by comparative modeling, in addition to identifying a good template protein with known structure, obtaining an accurate sequence alignment between a query protein and a template protein is critical. It has been known that the alignment accuracy can vary significantly depending on our choice of various alignment parameters such as gap opening penalty and gap extension penalty. Because the accuracy of sequence alignment is typically measured by comparing it with its corresponding structure alignment, there is no good way of evaluating alignment accuracy without knowing the structure of a query protein, which is obviously not available at the time of structure prediction. Moreover, there is no universal alignment parameter option that would always yield the optimal alignment.
Background
As the number of protein sequences is exponentially growing, knowledge on their structures and functions is lagging far behind the growth rate of the number of new protein sequences because the experiments to determine structures and functions are difficult and time-consuming. One way to resolve this problem is computational methods such as structure and function prediction. In the case of protein structure prediction, computational methods fall into two categories; ab initio folding method and comparative modeling. Ab initio folding method is based on physical principles and does not require prior knowledge on protein structures, but comparative modeling [1] has shown superior performance throughout recent experiments assessing the effectiveness of structure prediction methods such as CASP (Critical Assessment of Structure Prediction) [2] .
The first step in comparative modeling is the fold recognition in which one searches for homologous proteins with known structure and chooses the best one that can be used as a template. After this process, the alignment between the selected template and the query protein is generated. Finally the alignment is used to build the 3-dimensional structure models by using 3D model building tools such as MODELLER [1, 3] . High-quality querytemplate alignments are, therefore, essential for successful homology modeling. Thus, there are two factors that essentially determine the quality of predicted protein structures; good templates and high quality query-template alignments. There have been many approaches to increase the performance of fold recognition. Progress in fold recognition has made it possible to increase the structural coverage of newly sequenced genomes [4] and to improve our ability to predict the protein structures as demonstrated in recent CASP experiments.
Importance of alignment accuracy for comparative modeling has been already addressed [5] . Among many sequence alignment methods, the easiest way is to use sequence-sequence alignments such as Smith-Waterman [6] or BLAST algorithm [7] . Other ways are to utilize evolutionary information: profile-sequence alignments such as PSI-BLAST [8] and sequence-profile alignments such as IMPALA [9] . To get better alignments, it has been shown in many studies that using profiles of both the query and the template, named profile-profile alignment, are superior to sequence-profile methods and profile-sequence methods [10] . Even though profile-profile alignments are better, they do not always provide the optimal alignments [11] . Profile-profile alignments can be carried out in many different ways [12] [13] [14] and the alignment results change as alignment options vary. There is no single best profile-profile method and the universal alignment option that always generates the optimal alignment.
To overcome this problem, some methods such as Consensus [15] , ESyPred3D [16] , Multiple Mapping Method (MMM) [17] , and methods using genetic algorithm [18, 19] have used population of suboptimal alignments. ESyPred3D fixes the redundant results from suboptimal alignments and finds optimal alignments by moving anchor point. Consensus make alignments by consensus of several alignments based on the consensus strength and by discarding the residues where alternative alignments differ. These two methods use limited number of alternative alignments. On the other hands, other two methods have used genetic algorithm to generate sub alignments as many as possible. After sets of model structure are constructed from alignments, score of each model is calculated by fitness function such as atom-atom potential [20] and Z-score [21] . However, these approaches take longer time, and alignments made by crossover are likely to be biologically meaningless. MMM, the recent study, focused on minimizing alignment errors based on its own scoring function by combining differently alignment segments from alternative alignments. MMM outperformed other methods and showed significant improvements.
We introduce here a novel method not only to predict the alignment quality but also to improve the alignment quality by support vector regression (SVR) [22] . Machine learning technique such as the artificial neural network (ANN) or support vector machine (SVM) [23] has been a popular tool for fold recognition, but is only available for feature vectors of fixed length. A new method in which all templates in template library have feature vectors of different lengths with profile-profile alignments scores has been recently developed [24] . In our work, a modified version has been used. Among many different kinds of measures for the alignment quality, MaxSub [25] , which has been used as a measure in assessment experiments of structure prediction such as CASP [26] , CAFASP [27] , and LiveBench [28] , is used to represent a measure of alignment quality. MaxSub is a good measure of alignment quality in that it is a normalized single numeric and reflects structure-level quality.
Our attempt to develop a method to predict the alignment quality is not entirely new. A related work [29] has been published, but the alignment quality prediction was not their final research goal. Rather, in the work by Xu [29] , the predicted alignment quality was used to improve performance of fold recognition. In the present work, we develop a highly accurate method to predict the alignment quality, and we utilize the method not only to maximize the alignment quality and but also to choose good templates. In our work, an alignment of a query protein against its template of length n is converted into a feature vector of length n + 1 composed of profile-profile alignment scores and the length of the query protein. The pre-dicted MaxSub score is calculated by the SVR model specifically built for that template. The test results show highly accurate regression performance. For a pair of a query and a template, various alignments are generated by using many different combinations of alignment parameters. The SVR model for the template is then used to find the optimal alignment parameters which are specific to that pair. We name this method 'adaptive selection' method. The adaptive selection method outperforms the method which uses the universal alignment option for large-scale testing set.
Results and discussion

Performance measures of SVRs
Alignments are converted into (n + 1) dimensional feature vectors which are input of SVRs where n is the length of the templates (Figure 1 ). In order to evaluate the performance of the method, trained SVR models are evaluated for the testing set. The correlation between observed and predicted MaxSub values is presented in the density map (Figure 2a) . Each column in the figure2a is normalized independently by dividing the number of alignments with a specific range of MaxSub scores by the total number of alignments in that column. The number of alignments in each column is plotted on Figure 2b . The highest density is represented by black squares; the lowest density is represented by white squares. The Pearson correlation coefficient is calculated from the pairs of predicted MaxSub scores and observed MaxSub scores. The calculated correlation coefficient is 0.945. A previous related work [29] has reported the correlation coefficient of 0.71, which is lower than that of the present method. However, because the testing set and the measure of alignment quality in the previous work (the measure of alignment quality was calculated by comparing the sequence alignment and the structural alignments generated by SARF [30] that were assumed to be the gold standard) are different from those used in this work, direct comparison between the two methods may not have much meaning, although much higher correlation coefficient of our work seems to suggest that the present method is apparently better at predicting the alignment quality than the previous method. The good correlation coefficient and the density diagram with good diagonal shape imply that the MaxSub scores as a measure of alignment quality can be accurately predicted. Moreover, the results suggest that for each query-template pair it is possible to find its own optimal alignment parameters that would maximize the alignment quality.
In addition to the Pearson correlation coefficient, three different measures of errors are also calculated. The first one is the mean absolute error (MAE) which is given by where y i is the predicted value, o i is the observed value, and N the total number of the predictions. The normalized MAE (NMAE) is defined as follows The last one is the root-mean-square error (RMSE) given by
Generation of the input feature vectors from alignments Performance of SVR models MAE, NMAE, and RMSE are 0.0775, 1.877, and 0.0969, respectively, also shown in Table 1 and distributions of MAE and NMAE are shown in Figure 2c and Figure 2d , respectively. MAE is always lower than 0.2 for all the range of observed MaxSub scores when the window size is set to 0.5.
Adaptive selection of the alignment options having the best MaxSub score
The ultimate objective of predicting alignment quality is to find the best alignment. One straightforward, although not the best, way to do this is to choose a set of the optimal alignment parameters, such as gap opening penalty, gap extension penalty, baseline score, and the amount of secondary structure term, that would yield the best alignments overall. However, as seen in Table 2 where the average MaxSub scores for the alignments generated with various different combination of the alignment parameters are shown, there is no such single set of parameters that are universally optimal for all query-template pairs. For example, for the query-template protein pairs that are related at the family level, the optimal alignment parameters are 9, 1, 1, and 0.5 for gap opening penalty, gap extension penalty, baseline score, and the secondary structure information, respectively, while those parameters change to 12, 2, 0, and 2 for the protein pairs that are related at the fold level. Overall, the maximum of average MaxSub scores is 0.2386 with the optimal alignment parameters of 9, 1, 1, and 1, which interestingly are not the optimal parameters for the protein pairs related at any level of similarity.
The results suggest the following alignment strategy. Instead of using single universal set of alignment parameters for all query-template pairs, by simply picking up a different set of the alignment parameters that are uniquely optimal for a query-template pair, the alignment can be improved. If we do so, as seen in Table 3 , the average of the overall MaxSub scores improves from 0.2386 to 0.2887 (0.0501 point improvement, corresponding to roughly 21% improvement).
Obviously, we do not know a priori which set of alignment parameters is optimal for a given query-template pair because the structure of a query protein is not known. Therefore, here we propose the 'adaptive selection' method. The adaptive selection procedure is carried out as follows. (1) Generate the alignments using many different combinations of alignment parameters. (2) Predict MaxSub scores of alignments using the trained SVR models. (3) Select the alignment that gives the highest predicted MaxSub score.
When we follow the adaptive selection procedure, the average of actual MaxSub scores of the alignments selected by the adaptive selection procedure improves to 0.2563 (Table 3) , which corresponds to 0.0177 point or 7.42% improvement, compared to the single best option procedure. This improvement is statistically significant (p-value < 10 -300 calculated by Wilcoxon signed rank test [31] ). It also indicates that the adaptive selection method can scoop roughly 35.3% (0.0177 vs. 0.0501) of the maximum improvement that can be achievable by selecting the optimal alignment parameters unique to each query-template pair. Moreover, it also implies that it is possible to improve the alignment quality even more by developing more accurate alignment quality prediction method.
Performance at three levels of SCOP hierarchy
In this section, we describe performance at three levels of SCOP hierarchy (family, superfamily, and fold) to closely examine where the improvement is achieved. All the experiments carried out in the previous section are done for testing sets at the three different levels. tively ( Table 1 ). Like the case of the superfamily level, it seems to show weak correlation at high score region.
In Table 2 , the MaxSub scores are presented at three different levels. The averages are 0.6090, 0.1713, and 0.0651, and the values for best options are 0.6183, 0.1888, and 0.0793 at the level of family, superfamily, and fold, respectively. These values are also compared with corresponding scores achieved by adaptive selection method (Table 3) . It is also observed that adaptive selection method shows higher performance at the every SCOP level as for overall testing set showing an improvement of 1.16, 12.7, and 20.2% at the family, superfamily and fold level, respectively.
To check diversity of test set, sequence identities of querytemplate pairs are presented in Fig at each SCOP level, family (Figure 3a) , superfamily (Figure 3b ), and fold (Figure 3c) . The average values of sequence identity are 30.95%, 13.03%, and 11.51% at each SCOP level, respectively. Except for some pairs in the test set at family level, the sequence identities of almost all pairs are under 35%, "twilight zone [32] ." The distribution tells our results are not based on high sequence identity.
Alignments of pairs that are not related
All protein pairs in the testing set used in the experiments share the similar structure at least at the fold level (see Methods). It is, therefore, necessary to check whether the trained SVR models show reliable performance for proteins which do not share the same fold. In order to check this, 10 unrelated proteins per each template are randomly selected, aligned against the templates, and transformed into feature vectors. The vectors are then applied to SVR models of the templates to predict MaxSub scores. Alignments of the pairs whose MaxSub scores are zero despite being in the same family It is expected that two proteins in the same SCOP family have a similar 3D structure. There are, however, many alignments of the pairs in the same family for which observed MaxSub scores are zero (Additional file 1). When MaxSub score is zero, the alignment is completely incorrect by definition [25] . For these pairs, we check how much improvement can be achieved by adaptive selection method. Figure 5 shows histogram of MaxSub scores which is given by adaptive selection method for the alignments of those pairs. For about 37.3% of all pairs, there is no improvement, while about 62.7% of pairs achieve some improvement. In other words, around 63% of completely incorrect alignments between a pair of protein related at the family level are corrected into partially corrected alignments by changing alignment options by adaptive selection method.
Then, what are the reasons that remaining 37.3% of pairs gain no improvement? The most obvious one is regression error. Adaptive selection method might wrongly select an option due to regression error although there is another option that might give improved MaxSub score. When we examine the data, it appears that 17.9% constitute this type. Second, it may result from the limitation of profile-profile alignments. It has been well known that profile-profile alignment is not always the optimal alignment when compared to the structure alignment. It may fail to align a query against a particular template with any alignment options due to problem of alignment method itself. The third reason may be the lack of alignment options in our method. Although 48 options are used in our work, they may not be sufficient because the options used here do not cover all possible cases. For example, to align a particular pair of proteins, abnormally large gap open penalty might be necessary.
The fourth reason may be the limitation of MaxSub score as a measure of alignment quality. There have been a number of assessment methods for alignment quality. It 
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has been controversial what evaluation method is the best. There are many alternative measures such as GDT_TS [33, 34] , LGscore [35] and MAMMOTH [36] . Another aspect is that MaxSub score is basically sequence-dependent assessment. In sequence-dependent assessment, only corresponding residues in alignment are compared. It is stricter than sequence-independent assessment [37, 38] for alignments which are slightly shifted from the optimal alignment, which might make MaxSub scores of some alignments become zero. Our method might be improved by combining these sequence-dependent and sequenceindependent methods.
Finally, some template structures may not be good for predicting the structure of a query protein, even though they are in the same family with a query protein. One example of this case is an alignment of a query protein, d1tsk__, against a template, d1chl__, both of which belong to the same family (g.3.7.2). All MaxSub scores of the alignments generated by using all 48 options are zero. To check whether it is caused by the problem of profile-profile method, we perform the structural alignment by CE algorithm [39] , and we find that the MaxSub score of this structural alignment is also zero. Figure 6 shows a superposition of these two proteins. It can be inferred that there are bad templates for structure prediction although they are the same family member with a query protein. It might be caused by strict definition of MaxSub. However, in the view of MaxSub, the template d1chl__ is apparently a bad one for the query.
Such alignments are tested by the fold recognition method developed in the previous study [24] to see their fold recognition scores. The raw SVM outputs are converted into posterior probabilities [40] , ranging from zero to one, and the distribution of these probabilities is shown in Figure 7 . The distribution exhibits two peaks, near zero and one. If we choose decision-threshold as 0.5, roughly 15% of pairs are classified into protein pairs sharing the same family. Let us consider a situation where one tries to predict the protein structure and chooses the templates by means of fold-recognition score only. For some cases, if a certain template is selected simply because it is predicted to be homologous at the family level, the final result of structure prediction might be failed due to wrong selection of the template. Adaptive selection method may help to filter this sort of templates out and can prevent ones from selecting these bad templates.
Benchmark test
The benchmark test of adaptive selection method is carried out on 62 targets of CASP7. We use EsyPred3D and Multiple Mapping Method (MMM) for the comparing. Both are publicly available web servers, and alignments
Histogram of predicted MaxSub scores of the alignments of the pairs that are not related at the fold level Out of all 88 targets of CASP7, 77 targets have significantly close template in SCOP 1.69 according to the result of fold search by Proteinsilico [41] . The templates of 62 targets of those are trained in our dataset, and these targettemplate pairs are used in the benchmarking. Table 4 shows the performances of MMM, EsyPred3D, and adaptive selection method. The greatest values of MaxSub, Mammoth Z-score, TM-score [42] , GDT_TS for each pair are bolded. Our method gives better alignments having larger MaxSub than other two methods on average (0.264 vs. 0.203 and 0.182). In the aspect of other measures the adaptive method also shows the best performance. In addition, the values of our method are statistically significant according to p-values calculated by Wilcoxon signed rank test [31] with significance level 0.05.
Conclusion
In the process of protein sequence alignment, generally only one particular set of alignment parameters is used throughout the all protein pairs, regardless of their evolutionary relationship. In some cases, many alignments are generated using many different combinations of alignment parameters, and then the potentially optimal alignment is chosen purely based on experience or intuition. In this work, however, we select the alignment parameters which are predicted to give the highest MaxSub score specific to a pair of a query and a template. Our work is distinguishable to other efforts to improve the quality of protein sequence alignments in that we directly predict alignment quality with quite good accuracy. By predicting the alignment quality and then choosing the optimal alignment parameters based on the prediction, we show that the alignment quality can be improved significantly. Our method can be utilized to select not only the optimal alignment parameters for a chosen template but also good templates with which the structure of a query protein can be best predicted.
In summary, we develop a method to predict the MaxSub score as an alignment quality of a given profile-profile alignment between a query and a template. The alignment between a query protein and a template of length n is transformed into a (n + 1)-dimensional feature vector. These feature vectors are used to train the SVR models for the templates. We rigorously test the performance of the method using various evaluation measures such as Pearson correlation coefficient, MAE, NMAE, and RMSE. Figure 6 Superposition of 2 SCOP domains. Superposition of SCOP domain d1tsk__ (bright) onto d1chl__ (dark), both of which belong to the same family (g.3.7.2).
Superposition of 2 SCOP domains
Histogram of MaxSub scores by adaptive selection method for the alignments of the pairs sharing the same family whose MaxSub score is zero when single best alignment option method is used Figure 5 Histogram of MaxSub scores by adaptive selection method for the alignments of the pairs sharing the same family whose MaxSub score is zero when single best alignment option method is used. Results show the high correlation coefficient of 0.945 and low prediction errors. Trained SVR models are then applied to select the best alignment option which is chosen specifically to the pair of a query and a template. This adaptive selection procedure results in 7.4% improvement of MaxSub scores, compared to the scores when single best option is used for the all query-template pairs.
Methods
Data
To make a template library, classification by the SCOP version 1.69 [43] is used. First, the fold library composed of ~11,130 domains is constructed using domain subsets with less than 90% sequence identity to each other prepared by ASTRAL Compendium [44] . We choose the folds containing at least 20 members for training and testing the SVR models. A total of 7509 domains in 122 folds are selected as a result. Two thirds are used to train and the rest is used to test. To estimate the performance, we employ the three-fold cross-validation procedure.
MaxSub score as alignment quality (target of each SVR)
Conventionally, the alignment quality is calculated by comparing the sequence alignment and the structural alignments generated by various structure alignment programs such as SARF [30] , CE and MAMOTH, assuming that the structure alignments are the gold standard. A problem of this approach is that depending on the specific choice of structure alignment program, the structure alignments can vary significantly, especially for distant homolog pairs. A different approach is that first the structure prediction model of a query protein is quickly generated by directly copying C-α positions of all aligned residues of the template protein using the sequence alignment, and then the protein structure model quality measure such as MaxSub [25] or TM-score [42] is calculated and used as a alignment quality score. The second approach is more relevant to the present study, because the main focus of this work is how to generate good sequence alignments that would eventually lead to better structure models. Specifically, we use MaxSub [25] , a popular model quality measure which finds the largest subset of C α atoms of a model that superimpose well over the experimental structure. At the stage of training, each alignment is converted into a structure model of the query protein. MaxSub score is then calculated using the model derived from the alignment and the correct structure, with d parameter set to 3.5 Å which has been found to be a good choice for the evaluation of fold-recognition models [25] . We have also considered to use TM-score [42] , another popular model quality measure, as the alignment quality measure. However, it turned out that the correlation between MaxSub scores and TM-scores was as high as 0.95. Therefore, we expect that our specific choice of MaxSub score as the alignment quality measure does not affect the performance of our method and the main conclusion of this work.
Profile-profile alignments and SVR feature vectors
To train SVR models for all templates in the training set, feature vector scheme developed in previous work [24] is adopted with slight modification. We first generate allagainst-all alignments within the set sharing the same fold by profile-profile alignment scheme with 48 different combinations of alignment parameters (gap open-penalty, gap extension-penalty, base-line score, and weight of predicted secondary structure). The profile-profile alignment score to align the position i of a query q and the position j of a template t is given by where , , and are the frequencies and the position-specific score matrix (PSSM) scores of amino acid k and at position i of a template q and position j of a template t, respectively. For the secondary structure score (s ij ), a positive score is added (subtracted) if the predicted secondary structure of the query protein at the position i is the same (different) type of secondary structure of the template protein at position j. Finally, the constant baseline score (b) is added to the alignment score.
The frequency matrices and PSSMs are generated by running PSI-BLAST [8] with default parameters except for the number of iterations (j = 11) and the E-value cutoff (h = where sa i is the profile-profile alignment score at position i of a given template [45] and query_length is the length of the query protein ( Figure 1 ). If gaps occur, fixed negative scores are arbitrarily assigned. This is the modified version of [24] . The difference is that we use query_length instead of total alignment score. Since the size of the vector, n is dependent on the length of template protein, we make the same number of SVRs for all templates.
SVR training
Only templates sharing at least the same fold with a target template are trained. To learn as many alignment examples as possible, 48 alignments are made per each pair of a query and a template ( Table 2) . Gap open penalty ranging from 5 to 13 is used; gap extension is one or two; baseline value is zero or one. The parameter for the predicted secondary structure information content is also varied. The input and the target of SVR are derived from the previous two sections. We would like to emphasize that there is no correct alignment example. Regression is basically a real value prediction. In training step for each input-target data of training sample, SVR models are trained with radial basis function (RBF) kernel without attempting serious performance optimization by SVMlight version 6.01 with the parameter gamma of 0.001 [46] .
Additional file 3
Performance of SVR models at the fold level. 
